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Conventional money demand models appear to be un-
stable, and this complicates the problem of conducting
monetary policy.. One way to deal with parameter in-
stability is to learn how to adaptquickly whenparameters
shift. This paper applies a time-varying-parameter es-
timator to conventional money demand modelsandevalu-
ates its usefulness as aforecasting tool. In relative terms,
the time-varying-parameter estimator improves signifi-
cantly on ordinary least squares. In absolute terms, we
continueto havedifficulty trackingmoneydemandthrough
turbulentperiods.
According to the quantity theory ofmoney, nominal spend-
ing depends on the supply of money and on velocity, and
velocityis determinedby moneydemand. Ifmoneydemand
is stable, monetary aggregates can be used as indicators
of fluctuations in nominal aggregate demand. Further-
more, ifmoney demandisfunctionally invarianttochanges
in money supply, then the Federal Reserve may be able
to adjust the money supply in order to offset fluctua-
tions in nominal spending that are due to non-monetary
disturbances.
Conventional models of money demand appear to be
unstable, however, and this greatly complicates the prob-
lem of conducting monetary policy. In particular, since
money demand models are functionally unstable, it is
difficult to interpret the information in monetary aggre-
gates. For example, in recent years, the Federal Reserve
System's money demand models have consistently under-
estimated M2 velocity. As a consequence~ the Federal
Reserve has overestimatedtherateofM2growthneededto
sustain the projected growth in nominal GDP, and there-
fore actual M2 growth has fallen below its target range.
Ordinarily, the unexpected shortfall in M2 growth would
be a sign ofserious weakness in theeconomy. However, in
this case, itsimplyreflectedthefact thatvelocityturned out
to be higher than expected. Thus instability in money
demand models makes it difficult for the Federal Reserve
to keep money within its target range while still trying to
achieve its goals for the economy.
As a theoretical matter, there is no reason tobelieve that
conventional money demand models should be stable. For
example, since conventional representations are subjectto
the Lucas critique, changes in central bank operating
procedurescanaltermoney demandparameters. Similarly,
financial innovationmay altertherelationbetweenvelocity
and opportunity costs. Thus it seems appropriate to treat
conventional money demand models as time-varying pa-
rameter models.
Roughly speaking, there are twoways to deal withtime-
varying parameters. One is to seek a deeper theoretical
structure whose parameters are time invariant. So far,
monetary economists have had little success with this
approach. Another way to deal with parameter insta-
bility is to learn how to adapt to functional changes36 FRBSF ECONOMIC REVIEW 1993, NUMBER 3
in money demand by allowing estimated parameters to
change quickly when the model begins to show signs of
instability. This papertakes the latterapproach. Itexplores
a time-varying parameterestimatorthatgives more weight
to recent data and less weight to older data, so that
estimates can change quickly when parameters change.
The goal is to improve the predictive performance of
money demand models.
Tnis intuition is formalized in terms of discounted
least squares (DLS). The paper applies recursive DLS
to a number of conventional money demand models and
compares its predictive performance with ordinary least
squares (OLS). Inrelative terms, DLS compares favorably
to OLS. For example, in cases where instability is espe-
cially important, DLS reduces the mean square error of
one-quarter-aheadforecasts by 55 to 60percent. Thus DLS
can provide an important hedge against gross instability.
In absolute terms, however, conventional money de-
mand models still have a great deal oftrouble forecasting
through turbulent periods. Thus DLS represents only a
partial solution to parameterinstability. Inparticular, since
we continue to have difficulty tracking M2 demand, itwill
continue to be difficult to use M2 as an indicator of
economic conditions.
I. TIME-VARYING PARAMETERS
This section interprets conventional money demand func-
tions in order to motivate the empirical approach taken in
thepaper. Inconventional money demandmodels, demand
for real balances depends on a scale variable, such as
income, consumption, or wealth, and on opportunity cost
variables. For example, Meltzer (1963) studied variations
on the following model:
In (mt / Pt) = 130 + 131 In (rt) + 132 In (wt) + Up
where mt denotes nominal money balances, Pt is the price
level, rt is a nominal interestrate, wt is eitherreal wealth or
income, and 130' 131' and 132 are parameters.
Mostofthe empirical literature assumes thatthe param-
eters are time invariant. In practice, however, estimated
money demandmodels appearto be unstable. Forexample,
there was the famous "case ofthe missing money" in the
mid-1970s (see Goldfeld 1976, or Judd and Scadding
1982). More recently, Feinman and Porter (1992) report
evidence that M2 demand models have gone off course.
From a theoretical point of view, the instability of
empirical money demand models is not puzzling. On the
contrary, it is exactly what monetary theory predicts. Two
kinds ofarguments generate time-varying parameters, one
basedon the Lucas critique and another based onfinancial
innovation.
The first argument concerns identification and is due to
Cooley and LeRoy (1981). Traditional money demand
models describe an. equilibrium between money supply
and money demand. In order to interpret the·parameters
solely in terms of money demand, however, money sup-
ply must be predetermined or exogenous. This condition
seems dubious. Ifmoney supply is endogenous, tbe esti-
mated parameters will depend at least in part on supply
factors. Furthermore, if there are changes in the deteuui-
nants of money supply, such as a change in monetary
policy operating procedures, the parameters of conven-
tionalmoneydemandmodels will also change. Thus, when
money supply is endogenous, a necessary condition for
parameterstabilityis thatmonetarypolicyrules notchange
during the sample. Since post-war U.S. data probably do
not satisfy this condition, parameter instability is to be
expected.
A second argument emphasizes financial innovation
(e.g.,Ireland1992). Forexample, incash-in-advancemod-
els, agents canbuy some goods only with money and other
goods with either money or credit. The cash-in-advance
constraintgives rise to atransactions demandfor money. A
financial innovation expands the set of goods that can be
bought on credit and thus (other things equal) reduces
demand for real balances. Thus financial innovation alters
the relation between money, interest rates, and expendi-
tures. Since conventional money demand models do not
fully capture the effects offinancial innovation, one should
expect parameter instability during periods of financial
innovation.
Recently, a numberofauthors have argued that financial
innovation may account for therecentboutofinstability in
M2 demand. In particular, the increased availability of
mutual funds may have altered the relation between M2
velocity and interest rates (e.g., Feinman and Porter 1992
or Duca 1993). For example, banks have begunto market
mutual·funds to retail customers. As these funds become
more accessible, the transactions costs of switching be-
tweenM2 andvarious non-M2 securitiesarereduced. This
increases the substitutability between M2 and stock and
bondfunds and thus increases the interest elasticity ofM2
demand. The unusually steep yield curve of the last few
years also may have induced some investors to switch into
mutual funds.
These arguments suggest that we should treat conven-
tional money demand functions as time-varying parameter
models. Broadly speaking, there are two ways to deal with
time-varying parameters. One is to seek a "deep struc-
tural" model of money demand, i.e., one that is invar-
iant to financial innovation and monetary policy regime
changes. In order to achieve invariance, however, a deep
structural model would have to incorporate decision rulesthatgovern financial innovation as well as rules that govern
monetary policy regime changes. This approach is attrac-
tive in principle, since it would enable economists to
evaluate the effects ofpolicy changes. But this route does
not seem promising at present, since monetary theory has
not yet advanced to the point where it can deliver em-
pirically useful representations for these decision rules.
Giventhe stateofknowledge, itmay be worthwhile to seek
an alte111ative solution.
Another approach is to learn to adapt to functional
instability. There are at least two ways to think about
adaptation. The most common approach is to respecify the
model's functional formwhen it goes seriously offcourse.
For example, recent efforts to respecify M2 demand mod-
els are described in Feinman and Porter (1992) and Duca
(1993).1 Anotherapproach is to applytime-varying param-
eter estimators to conventional models in order to allow
parameter estimates to adapt quickly when shifts occur.
Thetime-varying parameterapproachmayproveuseful for
forecasting, even ifits role in evaluating proposed changes
in policy rules may be limited.
These two approaches should be regarded as comple-
mentary. FUnctional respecification is an ex post activity
and therefore is not useful· at the onset of a turbulent
period. It generally takes many years to recognize model
instabilityandtocorrecttheproblem, andthe time-varying
parameter approach may pay important dividends in the.
interim. Furthermore, when a model is respecified, it may
be worthwhile to re~estimate bya technique that gives
greater weight to recent data and less weight to older
data, and this is precisely what time-varying parameter
estimators do. On the other hand, ifnew financial instru-
ments are introducedorifthere are importantomittedvari-
ables, time-varying parameter estimators may never fully
adapt, and functional respecification may be necessary.
This paper concentrates on the potential usefulness of
time-varying parameter estimators and does not explore
functional respecification. My goal is to provide some
insight into the marginal value of time~varyingparameter
estimators, but I do not claim that this is the only way·
to proceed.
n. RECURSIVE ESTIMATORS
Inreal time, FederalReserve economists reestimatemoney
demandmodels as new databecome available. SinceIwant
to study the reestimation process, it is useful to pose the
1. Feinman and Porter investigate alternative measures ofopportunity
costwithan emphasisonmodelingeffectsofthe steepyieldcurve. Duca
proposes that mutual funds· be added to M2 in order to internalize
portfolio substitutions.
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problem in terms ofrecursive estimators. Beginby writing
the model as
where xt and bt are kx1 vectors, Ytand Ut are scalars. The
vector bt denotes the OLS parameter estimate based on
dataavailable through date t. Ifthe model is reestimatedby
OLS each period, then bt evolves as
bt = bt- l + Pt-lXt (Yt - x; bt- l)I (1 + x; Pt-lXt),
Pt = Pt- l - Pt-lXtx; Pt- l / (1 + x; Pt-lXt),
where Pt = (X,'Xt)-l and Xt = (Xl' ... , xt)'. This is
simply the formula for recursive OLS.
Recursive OLS might be appropriate if b were time
invariant. However, theory and experience do not support
time invariance. We regularly experience parameter shifts
in money demand models. After a shift, the model tracks
real balances poorly for a while, until the OLS recursions
catch up with the parameter shift. The problem with
recursive OLS is that it takes too long to catch up. Thus it
seems worthwhile to consider alternative estimators that
catchup more quickly.
RecursiveOLS gives the sameweightto all observations
in the sample. When the model is subject to parameter
shifts, it may be more sensible to give more weight to
recent observations and less weight to distant ones. This
intuition can be formalized in terms of discounted least
squares (DLS) (Harvey 1981). That is, choose the vector b
which minimizes the discounted sum ofsquared errors:
T
DSS = I 8T - t (y - X'b)2. t= 1 t t
The parameter 8 is a discount factor. If 8 = 1, each
observation is given equal weight, and this simplifies to
OLS. If8 < 1, observations close to the endofthe sample
(i.e., those close to the present) getmore weightthanthose
in the distant past. Ifthe model is reestimated period by
period by DLS, the parameter vector evolves as follows:
bt = bt- l + Pt-lx,(Yt - x;bt- l) I (8 + X;Pt-lXt),
Pt = 8-lPt_l - 8-1Pt-lXtX;Pt-l I (8 + x; Pt-lXt),
whereb 2 denotes the DLS estimate basedon dataavailable
throughperiodtandPt-l = IJ=18t-hjXi. When 8 = 1,
these recursions simplify to recursive OLS. When 8 < 1,
the most recent observation gets more weight in the updat-
ing formula than it does under OLS.2
2. This technique is similar to the random walk parameter model of
Cooley and Prescott (1976). One advantage of the Cooley-Prescott38 FRBSF ECONOMIC REVIEW 1993, NUMBER 3
The rationale for using DLS is that it will adapt more
quickly to a parameter shift than will recursiveOLS. But
this comes at the expense of a loss in precision. For
example, if the parameters were time invariant, DLS
would discount useful information contained in the early
observations, and this would increase the variance of the
estimates. The parameter8 controls the terms ofthe trade-
off. A value close to 1favors precisionoveradaptability. A
valuefar from 1aliows the model to adapt quickly butmay
produce highly variable estimates even when no shift has
occurred. The discount factor must be chosen to balance
adaptability against precision.
ill. EXPERIMENTAL DESIGN
Robert Lucas warns economists to "beware econometri-
ciansbearingfree parameters," andthe DLS algorithmhas
a free parameter. Thus it is important to impose some
discipline on the choice of 8. In particular, 8 must be
chosen based on information that is available before the
forecast period begins. This section explains how 8 is
chosen and how the DLS algorithm is evaluated.
I divide the sample into three subperiods. The first
covers the period 1954 to 1980 and is used to generate
initialparameterestimates. M2 was redefinedin1980, and
one ofthe criteria was that the new aggregate have a stable
demandfunction (seeJudd andTrehan 1992). Sinceparam-
eter instability is not a problem for this subperiod, initial
estimates are computed by OLS.
The second subperiodcovers 1981 to 1988, anditis used
to determine an optimal value for 8. I experiment with
values of8ranging from.8to .99andchoose the value that
minimizes the mean square error of recursive DLS fore-
casts.3 M2 demand functions were relatively stable during
this period. Bychoosing 8 to optimizegoodness offit over
this period, we ensure that the DLS algorithm produces
reasonably stable parameterestimates during stable times.
This is an importantcriterion. An algorithm that produced
unstableestimatesduring stableperiods wouldbeofno use
to anyone.
Some data are saved at the end of the sample to test
the DLS algorithm. For the period 1989 to 1992, re-
approachisthat itimplicitly allows different discountrates for different
parameters. However, this would violate Lucas's dictum to avoid
proliferating free parameters. When the Cooley-Prescott model is
restrictedso thatthere is only onediscountfactor, itisbasicallythe same
as DLS. I prefer DLS because it is more intuitive.
3. I also experimented with an a priori choice for 8, which was
determinedbythecriterionthatthediscountfunction have ahalflifeof5
years. Ingeneral, this producedout-of-sample results thatwere superior
to OLS but inferior to the data-detennined value of8.
cursive DLS estimates are computed using the discount
factors determined above, and they are compared with
recursive OLS estimates. The principal reason for choos-
ing 1989 as the beginning of the test period is a desire to
have several years ofdataavailable for evaluating the time-
varying parameter forecasts, and the results are not sensi-
tive to the precisechoiceofsample split. ConventionalM2
demand functions were unstable over this period. If my
intuition is correct, the DLS algorithm should adapt more
quickly than OLS, and recursive DLS forecasts should





This sectionappliesrecursiveOLS andDLS to anumberof
standard money demand models. I assume that· all the
relevant variables are integrated processes and that there is
a stable long-run relation between real balances and the
scale variable.4 Given these assumptions, money demand
can be expressed as an errorcorrectionmodel. I considera
number ofsimple specifications which differ according to
their scale and opportunity cost variables. The· general
specification is as follows:
In(mt/ Pt) = ao + al In(wt) + zp
bo(L)t1ln(mt/Pt) = bi + b2(L)St + b3 (L)t1ln (wt)
+ b4zt - I + up
where St is avectorofinterestrate spreadsand Ztis the long-
run "equilibrium error," in the language of Engle and
Granger (1987). The first equation defines the long-run
equilibrium relation between real balances and the scale
variable. 5 Interest rate spreads are stationary and thus do
not belong in the cointegrating relation. The second equa-
tion describes the short-term dynamics. The presence of
the long-run "equilibrium error" in the second equation
ensures that the short-run adjustments in money growth
ultimately lead back to the long-run equilibrium level of
real balances; hence the name "error correction" model.6
4. The data do not contradict these assumptions.
5. I also examined models in which al was set equal to one. This
restriction implies that velocity is stationary and is equal to z,. This had
little effect on the result.
6. See Mehra (1991) for a more detailed exposition oferror correction
models ofmoney demand.COOLEY/ADAPTING TO INSTABILITY IN MONEY DEMAND 39
3. Six-Month Commercial Paper and Ten-Year Treasury Bond Rates
TABLE 1
NOTE: The first two columns report the mean square error ofrecur-
sive prediction errors scaled by the variance ofreal M2 growth. The
third column reports the statistic YkE(vt)/a, with normal probability
values shown in parentheses. When 1\ = I, this corresponds to recur-
sive OLS.
GDP
1\ = 1.00 0.482 3.768 -5.47 (.000)
1\ = 0.80 0.361 1.704
Consumption
1\ = 1.00 0.648 1.149 -2.71 (.002)






























term interest rate appears to perform better than the
long-term rate. For example, when GDP is the scale
variable, the mean square error for the short-rate model is
approximately 35 percentlowerthanthemean square error
for the long-rate model. Including long rates as well as the
short rate has no effect on forecast performance. Thus,
during the experimental period, the two best models were
the ones based on GDP and short-term interest rates.
Even during this period, when M2 money demand was
relatively stable, recursive DLSoften worked significantly
betterthanrecursiveOLS. Inparticular, for themodelsthat
include short rates, DLS reduces mean square errorby an
average of approximately 15 percent. In the long-rate
models, the optimal discount factor turns outto be .99, so
there is essentially no difference between DLS and OLS.
Recall that DLS trades precision for adaptability. Even
duringtherelatively stable subperiod, the gainfrom adapt-
ability often outweighed the loss ofprecision.




PREDICTIVE POWER AND BIAS
1. Six-Month Commercial Paper Rate
GDP
1\ = 1.00
One can write this as a single equation by substituting Zt
from the first equation into the second.
I consider various combinations of scale and opportu-
nity cost variables. The opportunity cost of holding M2
depends oli the spread between returns on alternative
assets and the own rate of return on M2. The.latter is
calculated by the Federal Reserve Bank ofRichmond as a
weighted average ofthe returns on the components ofM2
(e.g., Mehra 1991). Foraltemative rates, Iexperiment with
the six-month commercial paper rate and the lO-year
Treasury bond rate.
Forscalevariables, IexperimentwithGDPandpersonal
consumption expenditures. GDP is the standard scale
variable in the money demand literature. Consumption can
be motivated in two ways. First, consumption is the ap-
propriate scale variable in cash-in-advance models (e.g.,
Lucas 1988). Second, as an empirical matter, various
authors have emphasized that permanent income performs
better than currentincome (e.g., Meltzer 1963), and con-
sumption is a natural, observable proxy for permanent
income.
To completethe specification, each version ofthemodel
also· includes dummy variables for the second and third
quarters of1980, during which credit controls were bind-
ing, as well as a dummy variable for.the first quarter of
1983, whenMMDAaccounts were introduced. Finally, the
lag polynomials in the second equation are assumed to be
oforder 1. This is sufficienttocapture the dynamics ofreal
M2 growth during the initial estimation period.7
The Experimental Period
Each ofthese models was estimated by recursiveOLS and
DLS, using quarterly data, and the results are reported in
Table 1. The first two columns reportthe mean square error
of recursive one-quarter-ahead forecasts for the various
models and time periods. Mean square error is·standard-
ized by dividing by the variance ofthe dependent variable;
thus R2 statistics are equal to 1 minus the mean square
error. R2 statistics are useful for evaluating absolute per-
formance, and mean square error is useful for evaluating
relative performance.
The first column of Table 1 reports results for the ex-
perimental period 1981-1988. During this period, the
various models accounted for roughly 35 to 65 percent of
the variation in real balance growth. GDP appears to be
superior to consumption, reducing the mean square fore-
cast error by roughly 20 percent. Furthermore, the short-
7. Fonnally, this is sufficient to generate white noise residuals during























Figure 1 illustrates one ofthese cases. This is derived
from the model thatuses GDP as the scale variable and the
six-month commercial paper rate as the opportunity cost
variable (i.e., the first model in Table 1). The solid line
shows real M2 growth, and the dotted lines show forecasts
generated by recursive OLS and DLS, respectively. In the
second half of 1989, both models systematically begin
to overestimate real M2growth. Recursive OLS is slow to
catch on to the apparent structural shift, and it continues
to overestimate real M2 growth until the end of 1992.
Recursive DLS is more adaptable. Itbegins to recognize a
structural shift around the second quarter of1990, and its
forecasts begin to edge downward. By the second half of
1991, this model seems to be back on track. Whether it
stays on track remains to be seen. In this model, recursive
DLS reduces mean square error by 60 percent relative to
recursive OLS.
DLS is least useful in models that are relatively stable.
For example, in models that omit the short-term interest
rate, DLS andOLS producebasicallythe sameresults. Itis
worth noting DLS does not significantly hurt forecast
nerformance when applied to relatively stable models,so
discounting appears t~ be essentially·costless.
Fourth, despite the relative improvement due to DLS,
the absolute performance ofthe DLS models also deterio-
rated badly during the test period. These models also
consistently overestimate real M2 growth and also have
negative out-of-sample R2 statistics. Thus, while DLS is
-0.005
The Test Period
8. Recall thatR2equals 1minus meansquareerror. Recursiveprediction
errors do not necessarily have mean zero, so their mean square errorcan
be larger than the variance of the dependent variable.
9. E(vt) is asymptotically normal even if the regression error is not
normally distributed, provided that the re~ession ~rror sat~sfies a
mixing condition (e.g., White 1984). Thus, VkE(vt)/a IS approxImately
normal for reasonably large k.
10. This result contrasts with Mehra (1992), who fails to reject param-
eter stability in a similar model.
The second and third columns ofTable 1report results for
the test period 1989-1992. These columns reveal four
results. First, when estimated by recursive OLS, the per-
formance of all the models deteriorates badly. The mean
. square error ofrecursive OLS forecasts increases dramat-
ically, and "out-of-sample" R2 statistics are negative in
every case (see the second column).8
Second, during the test period, the recursive OLS mod-
els consistently overestimated real M2 growth. One can
test for bias in recursive OLS by computing the mean of
normalized OLS prediction errors:
Vt = (Yt - x; ht- I) /fl12,
where!r= (1+x;Pt_IXt). Ifthemodelisstable, vthasmean
zero, is serially uncorrelated, andhas the same variance as
the regression disturbance. Further, if the regression dis-
turbance is normally distributed, then Vt is also normally
distributed(see Harvey 1981). LetE(vt) denote the meanof
vt over the test period: E(vt)= (11k)IT=V+ IVt. Given these
assumptions, E(vt) is normally distributed with mean zero
and variance equal to (f2/k. Thus ilkE(vt)/(f is distributed
as a standard normal random variable.9
Bias statistics are reported in the third column of Ta-
ble 1. The mean recursive residual is negative in all mod-
els, and the means are statistically significantinfour ofthe
six cases. Since stable models have unbiased recursive
residuals, this result confirms our beliefthat conventional
money demand models should be treated as time-varying
parameter models.10
Third, compared with OLS, DLS performs relatively
well, andthe percentimprovementappears to bepositively
related to the degree ofmodel instability. For example, the
two models that had the lowest mean square error during
the period 1981-1988 (i.e., the GDP-short-rate models)
tum out to have the highest mean square error during the
test period. For these models, DLS reduces the mean
squareerrorofone-quarteraheadforecasts by 55 to 60per-
cent. Thus DLS can be an importanthedge against gross
instability.better than OLS, it do~s not appear to generate enough
improvement to revive the use of M2 as an indicator of
short-term fluctuations in nominal aggregate demand.
In retrospect, it is clearthat completely naive, atheoreti-
cal forecasts would have worked about as well as any of
these money demand models over the period 1989-1992.
For example, forecasts based on a random walk model
ofreal balance growth would have producedamean square
error of 1.387 over this period, which is comparable
to the performance ofthese models. This simply highlights
the difficulty of using historical relationships to forecast
during turbulent periods.
V. CONCLUSION
Conventional money demand models often exhibitparam-
eter instability, and this complicates the implementation
of monetary policy. Applied macroeconomists might re-
spond to this in two ways. They might seektime-invariant,
deep structural representations, or they might apply time-
varying parameter estimators to conventional representa-
tion in order to allow parameters to adapt quickly when
shifts occur. Tnis papertakes the latterapproach, exploring
the properties.of recursive discounted least squares. This
technique is designed to give greaterweightto more recent
data and less weight to older data, and this makes it more
adaptable than recursive OLS.
The results suggest that DLS may have a useful but
limited role to play in policy moqeling. During unstable
subperiods; DLS works betterthan OLS, and the gains can
be substantial. For example, in a standard money demand
model,inwhich thescalevariable is GDP and the opportu-
nity cost variable is the spread between commercial paper
rates and the own return on M2, DLS reduces the mean
square errorofone-step-ahead forecasts by 60 percent. On
the other hand, the absolute performance ofDLS estima-
tors also deteriorates badly over the last few years, and the
models do not deliver reliable forecasts of M2 money
demand. Thus it will continue to be difficult to interpret
fluctuations in money growth.
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